Abstract-This paper presents a method for estimating the partial abundance of spectrally similar minerals in complex mixtures. The method requires formulation of a linear function of individual spectra of individual minerals. The first and second derivatives of each of the different sets of mixed spectra and the individual spectra are determined. The error is minimized by means of simulated annealing. Experiments were made on several different mixtures of selected endmembers, which could plausibly occur in real situations. The variance of the differences between the first derivatives of the observed spectrum and the first derivatives of the endmember spectra gives the most precise estimates for the partial abundance of each endmember. We conclude that the use of first-order derivatives provides a valuable contribution to unmixing procedures provided that the signal-to-noise ratio is at least 50 : 1.
I. INTRODUCTION
H YPERSPECTRAL remote sensing technology has been proven to be useful in mineral exploration and in monitoring environmental mining-induced impact. The usefulness of this technology stems from the fact that the abundance of various indicator materials on the ground, such as hydrothermal and/or secondary acid-generating minerals, can be characterized by their respective spectral signature. An important step in characterization of surface materials by means of hyperspectral image analysis is spectral unmixing, aiming to determine the abundances of some set of materials that contribute to the observed spectrum. At the pixel scale of hyperspectral imagery, it is postulated that the observed spectrum can be modeled as a linear combination of the products of the individual material reflectance functions and their surface areas [28] . With this assumption, most spectral unmixing techniques are variants of algorithms involving matrix inversion [5] , [7] , [12] , [14] , [16] , [22] , [25] , [26] , [31] . Two major problems, however, exist in spectral unmixing: 1) selection of the endmembers and 2) nonorthogonality of the endmembers. Theories behind each of these are becoming well established as well as intrinsic difficulties of the mathematical solutions to the problems of endmember selection [6] , [10] , [18] , [19] , [29] and of nonorthogonality of the endmembers [7] , [31] .
The two major problems become even more serious when it is desired to determine and map the abundance of iron-bearing oxide/hydroxide/sulfate minerals associated with sulfide-bearing mine-waste impoundment instead of aiming to map distribution of certain mine tailings within mining districts [13] , [14] , [30] . The reason is that certain heavy metals are either absorbed on surfaces or incorporated in molecular structures of iron-bearing oxide/hydroxide/sulfate minerals. The latter is important to determine which and how much metals could potentially be released from such types of mine-waste impoundments to nearby ecosystems [2] , [23] , [27] . Metals released could be a result of further weathering. Each secondary iron-bearing oxide/hydroxide/sulfate mineral within weathering sulfide-bearing mine waste shows distinctive spectral features in the visible to the shortwave infrared (0.4-2.5 µm) regions of the electromagnetic spectrum [11] . Such distinctive spectral features would enable identification of individual iron-bearing oxide/hydroxide/sulfate minerals in noncomplex mixtures by means of relatively simple spectral analytical techniques. The ability to estimate their abundance in complex mixtures through spectral unmixing techniques, however, would be complicated by their similar spectral signatures [11] . The complexity would be related to: 1) selection of endmembers of iron-bearing oxide/hydroxide/sulfate minerals based on only image data (for a "true" remote sensing case) and 2) estimation of partial abundances of endmembers. This paper addresses the question: How could estimates of abundances of spectrally similar iron-bearing oxide/hydroxide/ sulfate minerals in complex mixtures be obtained using hyperspectral data. To do so, spectral mixtures were generated with varying linear proportions of individual spectra of a set of iron-bearing oxide/hydroxide/sulfate minerals. The set of endmembers is commonly associated with sulphide-bearing mine wastes. The first and the second derivatives were then calculated for each of the different sets of mixed spectra and the individual spectra of the minerals. It is shown here that most pairs of the derivatives for individual spectra have lower correlation coefficients than the pairs of original individual spectra. Finally, a method is presented for spectral unmixing, which requires formulation of a linear function of the individual spectra.
II. METHOD OF SPECTRAL UNMIXING
Spectral unmixing is a deconvolution process for estimating the contribution of individual e(e = 1, . . . , E ) component spectra to an observed spectrum containing a set M of unknown M spectral endmembers, where E ⊂ M and E and M are the number of endmember spectra in E and in M , respectively. Each component spectrum e, which can be derived from a spectral library, consists of L discrete wavelengths
where R e (λ l ) is the reflectance value at wavelength λ l . An observed spectrum U = (U (λ 1 ), . . . , U(λ L )) is assumed to be a linear combination of the M endmembers plus an error term. It is difficult, if not impossible, to model U for all possible components or endmembers in a complex spectral mixture. Instead, an exhaustive set of endmembers of interest (subset E of M ) is considered. The proportional contribution of each of these endmembers can then be estimated. Accordingly, a spectrum at λ l can be modeled as
where
is the contribution of each endmember of interest in the spectral library, and 0 ≤ p 0 ≤ 1 is the contribution of the endmembers in the exhaustive set of endmembers in
is an unknown linear combination of endmembers from the exhaustive set of endmembers in M \ E. Previous studies have arrived at either a constrained unmixing solution (0 ≤ p e ≤ 1 and E e=1 p e = 1) [5] , [12] , [14] , [16] , [22] , [25] , [26] or an unconstrained unmixing solution [31] , where the fraction of abundance p e can be negative and/or the total abundance can exceed one. Here, a partial constraint is applied because the abundance of a material is between zero and one, and the total abundance due to the endmembers in E is at most equal to one. This is more realistic, as a mixture can consist of endmembers that are either not of interest or are unknown. The resulting values of p e represent estimates, as proportions, of the partial abundance of the material of each considered component or endmember in an observed spectrum.
The difference between the estimated and actual spectra at λ l equals
To achieve the optimal set of coefficients, it was endeavored to find values p e that minimize some function of ω l , e.g., SumSpec = L l=1 |ω l | or VarSpec = var(ω l ). Inasmuch as remote sensing images are subject to albedo effects such that image reflectance data seldom match endmember reflectances, it is appealing to use either the differences in the first derivative or the second derivative instead of the actual differences. This is because studies of hyperspectral-data calibration have shown that using the derivative spectra is an effective technique to separate contributions of various components, including those from (unwanted) components that increase albedo of a composite spectrum (e.g., [15] and [17] ). The difference in the first derivative between an estimated and an actual spectrum at λ l is
where 
A. Simulated Annealing
Simulated annealing is a general optimization method that has been widely applied to find the global optimum of an objective function called the fitness function φ(ω). The fitness function depends on the configuration of the estimates p e , corresponding to ω that is to be minimized. As such, simulated annealing [1] is a computer-intensive search technique to find the optimum value of a function of the absolute difference between an image (mixed) spectra and a linearly combined reference spectrum by continually updating this function at successive steps. The problem of nonorthogonality in matrix inversion is thus avoided and reduced to solving a finite state space combinatorial problem. Unmixing of image spectra by means of optimization was previously addressed by applying simulated annealing [24] and by using a genetic optimization algorithm [20] . The method of spectral unmixing presented here is demonstrated by means of a comparative study using synthetic spectra with different mixing properties.
Starting with a random configuration of p e , φ(ω 0 ) is calculated. Let ω i and ω i+1 represent two solutions with fitness φ(ω i ) and φ(ω i+1 ), respectively. The configuration ω i+1 is derived from ω i by randomly replacing one point
A probabilistic acceptance criterion decides whether ω i+1 is accepted or not. This probability
being accepted equals
where c denotes a parameter. This parameter is reduced by a factor of 0.95 after several transitions are made, thereby decreasing the probability of accepting inferior moves. Reduction stops when the process stabilizes. A transition takes place if ω i+1 is accepted. Next, a solution ω i+2 is derived from ω i+1 , and the probability P c (ω i+1 → ω i+2 ) is calculated with a similar acceptance criterion as (4). The fitness function will be one of SumSpec, VarSpec, SumDeriv, or VarDeriv. 
III. ENDMEMBER SPECTRA AND SYNTHETIC MIXTURES
Synthetic spectral mixtures were created to test the proposed spectral unmixing methodology. Based on expert's knowledge and geoscience literature, five minerals were selected to compose a set of endmembers, namely: ferrihydrite, copiapite, jarosite, goethite, and quartz. The first four minerals represent the spectra of secondary iron-bearing sulfate hydroxide oxide minerals that could form from pyrite-rich mine wastes [30] . The fifth mineral usually represents gangue (noneconomic) materials in ores and thus forms part of the mine wastes. Although each secondary iron-bearing oxide/hydroxide/sulfate mineral within a weathering sulfide-bearing mine waste shows distinctive spectral features in the 0.4-2.5-µm regions of the electromagnetic spectrum [11] , this paper was limited to the spectral range 0.5-1.1 µm because this is where most of the iron-bearing oxide/hydroxide/sulfate minerals of interest have many and strong spectral features. The individual spectrum of each of the five endmembers ( Fig. 1) was selected from the U.S. Geological Survey (USGS) spectral library [9] and then linearly mixed with each other according to some proportions of each endmember (Fig. 2) . Note that quartz is spectrally featureless (i.e., has no diagnostic spectral features) in the spectral range of interest [8] , which makes it difficult, but not impossible, to identify and estimate from the spectral data in the range of interest. The mixed spectrum was then degraded to an approximate 15-nm spectral resolution. Error from the uniform distribution was then added to the spectra (Fig. 3) . The resampling was performed: 1) to simulate data with lower spectral resolution hyperspectral sensors (e.g., HyMap, DAIS, etc.) as compared to the spectral resolution of the original endmembers in the library; 2) to reduce dimensionality of the data; and 3) because it is a practical technique found effective to predict different soil properties [4] . It is acknowledged, however, that spectral channel degradation potentially increases correlation between endmembers, which would undermine spectral unmixing [31] . For this reason, it is proposed and demonstrated to "decorrelate" endmembers (see further below) using either their first (Figs. 4 and 5) or their second derivative. Experiments were made on several different mixtures of selected endmembers (with or without quartz), which could plausibly occur in real situations: 1) the observed spectrum is a pure endmember spectrum and is included in the set of endmembers considered for unmixing (R e ∈ E); 2) the observed spectrum is a pure endmember spectrum but is excluded (because, e.g., not identified or not known) in the set of endmember considered for unmixing (R e ∈ M \ E); 3) the observed spectrum is a mixture of endmember spectra, and all endmembers are included in the set of endmembers considered for unmixing (all R e ∈ E); and 4) the observed spectrum is a mixture of endmember spectra, and some endmembers are excluded [for similar reasons as in 2)] in the set of endmembers considered for unmixing (some R e ∈ M \ E). For 3) and 4), two simple mixtures of the endmember spectra were considered, namely, mixed spectrum 1 with 50% goethite and 50% jarosite, and mixed spectrum 2 with 15% goethite, 25% jarosite, 25% copiapite, and 35% ferrihydrite (Fig. 2) . For each mixture, the error from the U (−0.02, 0.02) was added. We considered the error of 0.02 as hyperspectral sensors like DAIS has a signal-to-noise ratio of 50 : 1 in the visible to near infrared regions. Note that 3) also considers the case where the mixed spectrum results from a smaller set of endmembers in E. This is useful if prior information suggests including endmembers in the set E, when in fact these endmembers do not contribute to the mixed spectrum. The resulting abundance for these endmembers, in such a case, should then be equal to zero. Note also that prior to unmixing, the mixed spectra were first subjected to smoothing as the derivatives will not necessarily exist in the case of nonsmooth curves. The result of applying B-Splines can also be seen in Figs. 2 and 3 .
IV. RESULTS
Only the results of using the first derivatives of the observed and endmember spectra are reported, because these are more accurate in the estimation than the results using the second derivatives. Tables I and II show the results of the above experiments using the observed spectra and first derivatives of the spectra, respectively, containing quartz and performed using SumSpec, VarSpec, SumDeriv, and VarDeriv. If quartz is the observed spectrum and is included in the set of endmembers, the accuracy of the estimated abundance for quartz (between 0.40 and 0.92) is generally lower than the results obtained for other minerals. In this case, the abundance estimates are most accurate by using SumSpec.
A. Abundance Estimation From Spectra Containing Quartz
If quartz is the observed spectrum but is excluded in the set of endmembers, the accuracy of the estimated abundance for quartz (between 0.01 and 0.84; see column M \ E) varies considerably. In this case, the abundance estimates are most accurate by using VarDeriv. For the same mixed spectrum of 10% goethite, 30% jarosite, 20% copiapite, 15% ferrihydrite, and 25% quartz (Fig. 2) , the estimated abundances have a relatively high accuracy (≤ 0.23 inaccuracy, see second row under mixtures in Tables I and II) when all the endmembers are included in the set of endmembers considered for unmixing (all R e ∈ E). In this case, the abundance estimates by using the first derivative of the spectra are more accurate than by using the original spectra.
For the same mixed spectrum (Fig. 2) , but excluding quartz from the set of endmember spectra considered for unmixing, the accuracy of the abundance estimates for each endmember decreases for SumSpec and VarSpec but increases for SumDeriv and VarDeriv (see first row under mixtures in Tables I and II) . The estimated abundance for quartz, which can be seen in column M \ E, is 0.01 and 0.15 out of the actual abundance of 0.25 for SumSpec and SumDeriv, respectively, and 0.13 and 0.14 for VarSpec and VarDeriv, respectively. These results show that the accuracy in estimating the abundances for other minerals are high by using VarSpec and Tables III and IV show the results of the experiments using the observed spectra and the first derivatives of spectra, respectively, containing no quartz and performed using SumSpec, VarSpec, SumDeriv, and VarDeriv.
B. Abundance Estimation From Spectra Containing No Quartz
If the observed spectrum is a pure endmember and is included in the set of endmembers considered for unmixing, application of the proposed method is able to estimate the abundance of all materials in set E (Tables III and IV) with a high degree of accuracy, with an estimated abundance ≥ 0.78 for the correct endmember and ≤ 0.14 for an incorrect endmember. Abundance estimates by using VarDeriv are often more accurate than the abundance estimates by using SumDeriv.
If the observed spectrum is a pure endmember but is excluded from the set of endmembers considered for unmixing, application of the proposed method results in estimated abundances of the materials with poor accuracies. The estimated abundances vary between 0.00 and 0.73 for the correct endmember (see the columns M \ E) and between 0.00 and 1.00 for an incorrect endmember. Nevertheless, the abundance estimates by using the first derivative of the spectra (Table IV) are more accurate than the abundance estimates using the original spectra (Table III) , particularly for ferrihydrite.
If the endmember spectra contributing to the observed mixed spectrum are included in the set of endmembers considered for unmixing (all R e ∈ E), the estimated abundances have a high accuracy for each endmember (≤ 0.15 inaccuracy, see first, second, and fourth rows under mixtures in Tables III and IV) . In this case, no method outperformed the others.
If some endmember spectra contributing to the observed spectrum are excluded from the set of endmembers considered for unmixing (some R e ∈ M \ E), the estimated abundances have a low accuracy for each endmember (between 0.01 to 0.51 inaccuracy, see third row under mixtures in Tables III and IV) . In this case, the use of SumDeriv and VarDeriv results in more accurate abundance estimates than SumSpec and VarSpec.
C. Abundance Estimates by Exclusion of Contributing Endmembers
The results show that abundance estimates are generally inaccurate if the endmembers contributing to the observed pure spectrum are excluded from the set of endmembers considered for unmixing (some R e ∈ M \ E). If the observed spectrum is a pure endmember but is excluded from the set of endmembers for unmixing, then the abundance of other endmembers is often overestimated, particularly when using the original spectra (Tables I-IV) .
If the observed spectrum is pure quartz but is excluded from the set of endmember spectra considered for unmixing, then some endmembers, particularly jarosite or ferrihydrite not contributing to the observed spectrum, are overestimated (Tables I and II) . The results are similar if the quartz is excluded from the set of endmember spectra considered to unmix an observed mixed spectrum containing quartz. Overestimation of either jarosite or ferrihydrite is particularly remarkable when the original spectrum is unmixed rather than the first derivative of the original spectrum. A plausible reason is that the unmixing procedure yields an endmember in E with spectral signature similar to the observed spectrum even though the actual endmember is excluded from E. The spectrally featureless nature of quartz makes it difficult to estimate the correct abundance even though the correlations are high with the other spectra because correlation is a statistical measure that fails to find accurate matches if there are no signal changes. From Table V , it can be seen that that there is a positive correlation between the quartz spectrum and the jarosite spectrum and a high positive correlation between the quartz spectrum and the ferrihydrite spectrum.
If the observed spectrum is pure mineral but is excluded from the set of endmember spectra considered for unmixing, then other minerals not contributing to the observed spectrum are overestimated (Tables III and IV) . For example, if the observed spectrum is jarosite but is excluded from the set of endmember spectra considered for unmixing, then copiapite is overestimated and vice versa. Similarly, if the observed spectrum is goethite but is excluded from the set of endmember spectra considered for unmixing, then ferrihydrite is overestimated and vice versa. Overestimation of another mineral is particularly remarkable when the original spectrum is unmixed rather than the first derivative of the original spectrum. A plausible reason for this is the high correlation between the copiapite spectrum and the jarosite spectrum and between the goethite spectrum and the ferrihydrite spectrum (Table V) . The relatively slight overestimation of another mineral when the first derivative of the original spectrum is unmixed is also plausibly due to the positive albeit low correlation between the first-derivative spectra of copiapite and jarosite and between the first-derivative spectra of goethite and ferrihydrite.
D. Performance of Fitness Functions
The results of abundance estimates in Tables I-IV already indicate a slight preference of VarDeriv among the four fitness functions. To properly compare the performance of the four fitness functions, the error in the estimated abundance is quantified as an absolute difference between the actual (known) and the estimated abundance of each endmember (Err). These errors were ranked accordingly, and the average error and the average rank error in the abundance estimates by using each of the four fitness functions were determined and shown in Tables VI-VIII. If the observed spectrum is a pure endmember and is included in the set of endmembers considered for unmixing, VarSpec performs best in terms of the average error and average rank error but is closely followed by the others. If the observed spectrum is a pure endmember and is excluded in the set of endmembers considered for unmixing, VarDeriv performs best in terms of the average error and average rank error. For TABLE VI  ERRORS IN MINERAL ABUNDANCE ESTIMATES DERIVED FROM THE  OBSERVED SPECTRA OF MIXTURES CONTAINING KNOWN  PROPORTIONS OF FOUR IRON-BEARING MINERALS example, when the observed spectrum is pure ferrihydrite but is excluded in the set of endmembers considered for unmixing, the abundance estimates by using VarDeriv are mostly accurate (see Tables VI and VII) . If the observed spectrum consists of mixtures of the endmembers and is included or excluded in the set of endmembers considered for unmixing, SumDeriv performs best in terms of the average error and average rank error followed by VarDeriv in terms of the average error. If all or some endmember spectra contributing to the observed spectrum are either included or excluded in the set of endmembers considered for unmixing, then VarSpec outperforms the other fitness functions in terms of average error and average rank error (Table VIII) . If the observed spectrum consists of mixtures of quartz spectrum and quartz is not considered in the set of endmembers for unmixing, then VarDeriv outperforms the other fitness functions in terms of average error and average rank error (Table VIII) . The slight advantage that VarDeriv has in unmixing of the different experimental spectra can be attributed to the lower correlations among the first derivatives of the endmember spectra as compared to the correlations of the original spectra (Table V) .
V. DISCUSSION
Technology for mapping, within mining districts, of sources of acid-generating minerals (e.g., pyrite) or their weathering products using imaging spectroscopy and hyperspectral data is a potentially useful tool for environmental remediation studies. However, techniques for mapping, within only mine-waste impoundments, of abundance and distribution of secondary iron-bearing sulfates/hydroxides/oxides (as an indirect way of finding acid-generating minerals) using hyperspectral data are still desirable. Development of such techniques is not straightforward because of the high spectral similarity among the target materials (i.e., only, if not mostly, weathering products of, say, pyrite), which undermines the current algorithms for spectral unmixing of hyperspectral data. Previous techniques of spectral unmixing by means of inversion of a matrix of the spectral data can become problematic because of: 1) highly corrected data in hyperspectral bands and 2) high correlation between the target materials within minewaste areas. The idea of using singular-valued decomposition of the endmember matrix in lieu of the matrix inversion was suggested by Boardman [5] . In contrast, Van der Meer and De Jong [31] proposed to enhance the orthogonality of the endmember matrix by application of the minimum-noise fraction (MNF) transformation, which was developed by Green et al. [18] for noise removal in multispectral data. Spectral unmixing of MNF-transformed hyperspectral data, however, requires that the noise covariance matrix of the data be known or estimated thereby separating the noise from the data. Although this proves to reduce the correlation among endmember spectra, this paper considered explicitly decorrelating the endmember spectra. It was decided to follow Boardman's suggestion [5] to use the derivatives of spectral data in order to reduce the correlations among endmembers. Accordingly, the estimated abundances of each of the spectrally similar materials of interest based on the first derivatives of the observed spectra are often more accurate than those based only on the observed spectra. It was found further and thus only reported here that, in the presence of a signal-noise ratio or approximately 50 : 1, using the first derivatives of the observed spectra results in more accurate estimates of abundance of spectrally similar minerals of interest than the second derivative. The second derivative does, however, has an advantage that the correlation coefficients are further reduced (Table V) . The main disadvantage of the second derivative is that in the presence of noise, the second derivative tends to give poor estimates as the noise increases. We also analyzed the data without error, and in this case, the second derivative gives the most precise estimates. This demonstrates that choosing to use the original spectra, the first, or second derivatives depends on the accuracy of the sensoring device. With the advent of new improved hyperspectral sensors, gaining greater signal-to-noise ratios, the possibility of using the second derivative will eventually become useful. A successful application, via simulated annealing, of the first derivatives of the observed spectra to estimate the abundance of spectrally similar iron-bearing minerals in mine tailings has not been reported yet. In the same field of study, Penn [24] also used simulated annealing in spectral unmixing to estimate the mineral abundance within and around a porphyry copper deposit, although he did not use the first derivatives of the observed spectra but simply normalized the hyperspectral data and the endmember spectra to alleviate the albedo effects in the data. In this paper, normalization of either the observed spectra or the endmember spectra is not required. In a different field of study, Loethen et al. [21] also found that using a secondderivative variance-minimization procedure outperforms other methods in estimating a dilute component (solute) from a liquid mixture whose spectrum is dominated by a major component (solvent). To estimate the dilute component, however, Loethen et al. [21] minimize the variance by assuming that the solute and solvent spectra are noncorrelated. For spectrally similar endmembers, as in mine tailings, an assumption of noncorrelation must be demonstrated. Loethen et al. [21] also failed to relate their results to the actual noise present in the data.
The results of the study showed that using the fitnessfunction VarDeriv results in slightly more accurate estimates of abundance of spectrally similar minerals in a complex mixture such as mine tailings. The VarDeriv functions to minimize the variance of the difference between the first derivatives of the observed spectra and the reference endmember spectra. The results therefore demonstrate that the simulated-annealing procedure is efficient in minimizing the variance of the difference between the first derivatives of the target spectra and the reference endmember spectra. The findings reported are, nonetheless, consistent with the previous findings that the error in the abundance estimates is a function of the difference between the target spectra and the reference endmember spectra, and is proportional to the amount of variability in the individual endmember spectra relative to the mixture [31] .
The results of the study show that abundance estimates inclusive of endmembers other than those that contribute to the observed spectra are more accurate than the abundance estimates exclusive of endmembers that do not contribute to the observed spectra. The results therefore imply that a set of endmembers should include not only the major components but also the minor to trace components. It was not investigated here, however, whether or not accurate estimates would be obtained if an endmember set contains all 15 secondary iron-bearing sulfates/hydroxides/oxides listed in Crowley et al. [11] because it is known that a distinction between endmember spectra becomes difficult as number of reference spectra increases. Penn [24] used in simulated annealing, however, ten endmember (inclusive of the spectral similar mineral such as jarosite, goethite, and hematite as well as other spectrally different materials). This suggests that accurate estimation of abundances of up to ten spectrally similar minerals in mine wastes is achievable via simulated annealing. This suggestion, however, needs further verification. Selection of which spectrally similar minerals to be included in an endmember set should, nonetheless, be based on an expert judgment or based on spectral analysis of calibration spectroscopic data usually collected immediately following an airborne hyperspectral campaign.
The results of the study also show that abundance estimates based on an endmember set inclusive of quartz are more accurate than the abundance estimates based on an endmember set exclusive of quartz. The results indicate that quartz should be included in an endmember set for unmixing if mine wastes or geological materials of interest indeed contain quartz. The results also imply that quartz, which is spectrally featureless but nevertheless invariably present in mine wastes: 1) can be estimated with reasonable accuracy and 2) should be included in the endmember set. The results also suggest that, for estimation of spectrally similar minerals in complex mixtures such as mine tailings, endmember selection through image-data analysis may not be necessary at all in a practical case exercise of the method described. However, this suggestion also needs further verification. This paper shows a potential application to hyperspectral remote sensing for surface characterization of mine tailings, especially those associated with ore deposits in which pyrite and quartz are the major gangue minerals. A shortcoming of this paper, however, is that actual hyperspectral data were not used to demonstrate the methods described. Even so, the potential usefulness of the methods described is supported by using synthetic spectral-mixture endmembers commonly found in weathered pyrite-rich mine wastes [30] . It is acknowledged, nevertheless, that further demonstration of the methods described by using the actual hyperspectral and ground measurements is important for validation purposes (e.g., Bajcsy and Groves [3] ).
VI. CONCLUSION
This study resulted in four main conclusions. 1) Abundances of spectrally similar minerals in mine wastes can be estimated with relatively high accuracy by unmixing of the first derivatives of the target spectra, in which contributing components are decorrelated. 2) Simulated annealing proved efficient in minimizing the variance of the difference spectrum in estimating the abundance of spectrally similar minerals. 3) Minimization of variance of the difference spectrum shows that using the endmember spectra inclusive components not contributing to the target spectra does diminish according to the abundance estimates. In contrast, using an endmember spectra exclusive of the component contributing to the target spectra reduces the accuracy of the abundance estimation. 4) The choice to use the original spectra, the first-, or second-derivative spectra depends on the signal-to-noise ratio of the sensor device. Higher signal-to-noise ratios allow a better accuracy in the abundance estimation by using higher order derivatives.
